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Sleep plays an important role in the overall health and well-being of a child. The relationship
between sleep and daytime behaviours of children with sleep disorders is understood poorly;
different aspects of a child’s routine may interact with each other to contribute to sleep
disorders. To diagnose, monitor and successfully treat many medical conditions pertaining
to sleep, it becomes imperative to analyse the many aspects of a child’s daytime and sleep
behaviours. We built a visual analytic tool for studying the correlation between different
variables pertaining to the daily life of the child. The tool allows clinicians to explore how
the different aspects of a child’s behaviour and activities affect their sleep and overall well-
being. This tool is developed as an extension of an existing tool SWAPP, which allows
caregivers and clinicians to log and monitor the child’s everyday data. Later, we performed
a remote usability study on the tool to demonstrate the efficacy of the tool. Finally, we
generated actionable guidelines for improving the tool from the results of the study.
Keywords: data analytics; health informatics; visual analytics
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Sleep is an essential part of a child’s health. Research shows that children in the age group
6-12 years should sleep 9-12 hours a day to promote optimal health [48]. Sleep disorders
among children impede their proper “physical, cognitive, emotional and social development”
[67]. Also, sleep disorders and sleep deprivation can lead to adverse health outcomes such as
“obesity, diabetes and impaired glucose tolerance, cardiovascular disease and hypertension,
anxiety symptoms, depressed mood and alcohol use” [15] later in life.
Several studies [24, 21, 42, 58] indicate that sleep disorders may be under-diagnosed in
paediatrics. This may have a negative impact on the day to day life of those undiagnosed
children, which is corroborated by previous medical research [29, 32, 51, 42]. Research
shows that the majority of parents are unable to produce a faithful account of the insomnia
episodes and sleep history to paediatricians [22, 58, 61], which would aid the diagnosis and
treatment. Chervin et al. discovered that less than 15% of the children with parent-reported
sleep disorders had no recorded sleep history data [25]. Wise et al. [67] substantiate this
by stating that, “because parents are generally asleep during the night” they are unable
to come up with a more polished record of the sleep data. Note that such studies involved
paper-based logging methods.
Kluwer [43] indicates that the process of interpreting the sleep history itself is highly
intellectually and analytically taxing for the medical practitioners, as the datasets involved
are considerably large (typically spanning for over 6 months) and their dependencies on the
medical condition of the person may well be intricate.
To summarise, there is a considerable portion of the child population who are suffering
from sleep-related disorders, which may lead to numerous health hazards. Sleep history plays
a significant role in the diagnosis and treatment of sleep disorders. Parents face significant
difficulty in logging such sleep history data. Finally, the doctors interpreting the results, have
significant difficulty doing so. Our work SWAPP (Sleep Wake-Behaviour Application) is
aimed at overcoming these difficulties. SWAPP is a web-based health informatics application
that allows logging of sleep-related data of a child by the child’s parent/caretaker, through
1
the caretaker account on the application. This data is accessible to the clinicians via a
clinician account linked to the child’s data.
Research has shown that sleep-related variables (many studies refer to them as sleep
factors, e.g., sleep duration, sleep mood, etc.) can be closely correlated to behaviour prob-
lems in school-aged children [62] or preschoolers [39]. Numerous studies have outlined the
importance of analysing the various drug interactions with sleep-related behaviours/dis-
orders [27, 44, 59]. Shrivastava et al. point out that analysis of sleep diaries/sleep logs is
required for “referring physician to review the sleep study report and correlate patient’s
presenting sleep complaints to the results” [57] and also corroborates that multiple factors
of the sleep logs are involved in the analysis of the disorders, similar results are presented by
other researchers [49, 20]. In order to cater to the data analysis needs of the clinicians, we
developed a tool to explore the relationship between variables such as sleep duration, sleep
quality, behaviours, medication, moods etc. We use correlation visualisations to support ex-
ploration of the relationship between variables, which is also the prime focus of this thesis.
The work important for clinicians and who operate under high level of work related stress
and time constraints [66]. Our work is centred around a prototype built for the purpose. In
this work, we analyse the ability of the tool to mitigate difficulties in correlation analysis
and the overall usability of the tool.
1.1 Research Questions
Our extensive literature review and project discussions with two clinicians revealed that
often the correlation or dependency of various sleep-related variables/factors need to be
analysed with each other [65]. As the data spans over multiple days the task of analysis
was cumbersome for the clinicians. The Correlation Visualisation Tool was designed as a
module in the SWAPP to ease the analysis.
This work revolves around the design, development and evaluation of a data Visualisa-
tion Tool to overcome the above difficulties. The following are my research questions:
1. RQ1: How to best visualise sleep data for analysing correlations, given the
following requirements?
Requirements for the visualisation:
• Minimise complexity of the data interpretation
• Quick summary of Correlations
• Ability to visualise individual data points
• Total number of variables assumed to be 15-50
The work makes use of existing methodologies in the development of Correlation
Visualisation Toolkit in order to answer the research question. The novelty of the
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work comes from the unique problem the tool is designed for. Details on the design
and development of the data visualisation and the interaction can be found in Chapters
3 and 4.
2. RQ2: How to run a user study on the Correlation Visualisation Toolkit
during a global pandemic?
Midway through the process of Ethics approval for the planned user-study, the world
was struck by COVID 19, a global pandemic. SFU went into full lockdown in March,
2020. As a result, we had to adapt the user study to be delivered online over Zoom
video conferencing. In doing so, we developed new knowledge on performing data
Visualisation studies online with ethical guidelines from SFU. The details about the
adaptation of the user-study can be found in Chapter 5.
3. RQ3: Does the Correlation Visualisation Toolkit perform better than Mi-
crosoft Excel in terms of overall workload and time taken for task comple-
tion?
Or from a Quantitative perspective:
(a) Hypothesis 1 (H1): Mean Overall Workload for Correlation Visualisation Toolkit
is less than that for Microsoft Excel.
(b) Hypothesis 2 (H2):Mean time taken for completing correlation analysis tasks on
Correlation Visualisation Toolkit is less than that for Microsoft Excel.
In order to validate the performance of the Correlation Visualisation Toolkit, we
performed a comparative analysis of the tool with Microsoft Excel. This was done
through a controlled experiment, where the participants were asked to complete data
analysis tasks using both Correlation Visualisation Toolkit and Microsoft Excel. On
completion of the tasks we evaluated the overall workload arising from the tasks using
NASA-TLX questionnaire. More details about the results of the study can be found
in Chapter 6.
4. RQ4: How can we improve the Correlation Visualisation Toolkit?
While, the Correlation Visualisation Toolkit mitigates some of the problems caused by
state of the art technology, it is in no way perfect. Hence, we solicited feedback from
the participants in our user-study to improve the tool. Recommendations to improve
the Toolkit can be found in Chapter 6.
1.2 Previously Published Works
A significant portion of the dissertation has been featured in two of our previous publica-
tions:
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1. Amal Vincent, Ankit Gupta, Chris Shaw, and Ruoyu Li. Correlation Visualisation
for Sleep Data Analytics in SWAPP (Sleep Wake Application). Electronic Imaging,
Visualization and Data Analysis, 2019, page 682-1-682–10. Society for Imaging Science
and Technology.
2. Amal Vincent, Ankit Gupta, Ruoyu Li, Chris Shaw, and Saba Akhyani. Data ac-
quisition and visual analytic tool-set for paediatric sleep data. In Proceedings of the
13th EAI International Conference on Pervasive Computing Technologies for Health-
care, PervasiveHealth’19, page 320–326, New York, NY, USA, 2019. Association for
Computing Machinery.
1.3 Research Contributions
My thesis revolves around the design, development and validation of the Correlation Visu-
alisation Toolkit. My contributions include:
• Analysis of extant data visualisation techniques and their efficacy in addressing the
problem at hand; ultimately establishing the design of the Correlation Visualisation
Toolkit.
• Validation of the Correlation Visualisation Toolkit, which involved the development
of a novel user-study technique for remote in-pandemic validation of the tool.
• Framing recommendations to make the Correlation Visualisation Toolkit more user





While the focus of the the dissertation is on a specific module in SWAPP, it is important
to understand SWAPP before studying the Correlation Visualisation Toolkit.
SWAPP is a web-based health informatics application developed by our team [64], that
allows logging of sleep-related data of a child by the child’s parent/caretaker, through the
caretaker account on the application. This data is accessible to the clinicians via the clinician
account linked to the child’s data. SWAPP is also equipped with a clinician dashboard which
provides the summary and other insights on the entered data and previous data assessments
made. The dashboard exploits various visual analytic primitives to aid the doctors to better
interpret the data.
Our design of SWAPP began with analysing the conventional technique of sleep diaries
and observing how the caregivers and clinicians interacted with them. This provided insights
to overcoming some of the limitations of the conventional paper based sleep diary.
2.1 Web Interaction
A caregiver using the SWAPP application can record periods of sleep (preparation before
sleeping, sleeping, and awakenings during the night), daytime activities, and medication.
For the sleep, the caregiver/parent records the start and end time of the activity (like sleep,
swimming, studying, etc.), the mood of the child during or after the activity, any disruptive
behaviours during the activity. The process flow for creating the activity log is depicted
in Figures 2.1, 2.2 and 2.3. For medication, the caregiver records the time of medication,
dosage, and any side-effects.
When a log is created, it gets added to the timeline visualisation (Figure 2.4) which shows
the logs on a vertical timeline. The caregiver can update or delete the logs by selecting them
from the timeline visualisation.
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Figure 2.1: The user enters the start time and end time.
Figure 2.2: The user enters the child’s mood.
Figure 2.3: The user records any disruptive behaviours.
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Figure 2.4: The sleep log gets added and visualised on the timeline
The application also consists of a dashboard which visualises the different metrics such
as average sleep duration, quality, moods, and doctor’s assessments.
2.2 The visual analytic toolset
One of the prominent features of the SWAPP is the visual analytic tool-set that enables
the users (clinicians and caregivers) to summarise and analyse the data. The toolset is
comprised of the timeline visualisation, dashboard and correlation analysis tool.
2.2.1 The dashboard
Both the clinicians and caregivers have access to a dashboard that allows selective filtering
of a child’s data for a range of dates. For the caregivers, this data acts as self-management,
while on the clinician side the information presented provides insights to diagnosis and
treatment of the associated medical conditions. The dashboard for clinicians is shown on
figure 2.5.
2.2.2 Correlation analysis tool
As discussed above, the Correlation Visualisation Toolkit (see Figure 2.6) helps clinicians
to understand and explore the correlation or dependency of various sleep-related variables/-
7
Figure 2.5: Dashboard of SWAPP
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factors (pertaining to the data collected using SWAPP) with each other [65]. The Tool is
the prime focus of my thesis, and will be further discussed in the subsequent chapters.




The review of literature began with exploring possible visualisations for representing cor-
relation. Our application aims to minimise the complexity of the visualisation and allow
effortless interpretations. Past research has shown that 3d plots are significantly more dif-
ficult to interpret than their 2d counterparts for large datasets [50], so we will be limiting
our discussion to two-dimensional visualisations.
When it comes to visualising correlations there are two basic approaches. The first
technique involves visualising the individual data sample points (e.g., scatterplots, parallel
coordinates etc.). These visualisations can then be used to determine correlations between
variables and functional relationships. The alternative to this is to make use of parameters
like Pearson’s / Spearman’s coefficient for correlation, which are a measure of correlation.
These parameters for multiple variables can then be conveniently visualised to infer correla-
tions (correlation matrix heatmap, Venn diagrams, solar plots etc.). Various visualisations
falling into each of the two categories is discussed in this chapter.
3.1 Design Requirements
The proposed interaction aims at allowing users to exercise selective control over a subset of
variables to be analysed for correlation from a larger pool /set of variables. In SWAPP, we log
over 20 variables currently, which makes it imperative that the chosen visualisation method
is optimal for analysing correlations for numerous variables. The clinicians are assumed to
have minimal knowledge of the statistical primitives involved in correlation/relationship
analysis between the variables. If a user with significant exposure to the statistics and
sufficient knowledge of the sleep data itself wants to apply the expertise into the analysis,
provision should exist to provide the user with an option to visualise individual samples in
the data.
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3.2 Review of Visualisations for Correlation Analysis
3.2.1 Scatterplots
Figure 3.1: A scatter plot matrix example of petals and sepals of a plant [8]
The research literature documents numerous visualisations for depicting correlations, the
most obvious of these being the scatter plot [45]. Scatter plots are useful tools in interpreting
the “direction, form and strength” of the relationship between two variables [45]. This may
be extended to analysis for multivariate relationships by using scatter plot matrices [28].
Scatter plots use points to represent values for two different variables. The position
of each point on the x-axis and y-axis indicate values for an individual data sample. The
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scatter plot shows the relationship between two variables, while the scatter plot matrix
shows all pairwise scatter plots for many variables (see Figure 3.1). If the variables are
observed to increase and decrease together, the correlation is positive (e.g., petal width vs
petal length in Figure 3.1). If one variable tends to increase as the other decreases, the
association correlation is negative. If there is no pattern, the association is zero.
Scatter plots offer the advantage that they can easily be generated from raw data without
any analytical computation, they provide insight on each and every sample point in the
dataset. Interpreting the scatter plot may not be straightforward and may require very
stringent analysis of the plots, especially with increasing number of dimensions/variables or
for non-linear functions [60]. And scatter plots as such are not suitable for discrete variables.
While, some of the characteristics of the scatter plot were desirable for the project it did
not meet all the requirements. Nonetheless, scatter plot was part of the tool we designed,
as we required a visualisation that allowed display of individual data points and functional
relationship between variables.
3.2.2 Parallel Coordinates
Figure 3.2: A parallel coordinate plot example of petals and sepals of a plant [6]
Some previous literature [35] also refer to parallel coordinate graphs for interpreting
correlations. Parallel coordinates plot each variable to an axis/plane, and the axes are
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organised as uniformly spaced M vertical lines. A data element in M-dimensional space is
represented as a connected set of points, one on each axis (see Figure 3.2). In Figure 3.2
there is a negative correlation between sepal width and sepal length, since higher values of
sepal width correspond to lower values of sepal length (which results in intersecting lines).
There is also a positive correlation between petal width and petal length since the lines are
approximately parallel.
Despite being a powerful visualisation they tend to take a longer duration to interpret
with increasing number of variables. They only allow analysis of adjacent variables and take
up a lot of space along the horizontal direction. Moreover, they cause cluttering for large
datasets [56].
3.2.3 Contingency Wheel
Contingency Wheel is a visualisation mostly used in the analysis of categorical data [19].
The categories are visualised as sectors of a ring-chart and the individual data points are
depicted as dots in these sectors (see Figure 3.3). Arcs are drawn between two sectors if
one or more rows have dots in both sectors. The arc is thicker if there is higher correlation
between the two sectors. It is a relatively more complex visual analytic solution. Contin-
gency wheel works best when there are myriads of variables/dimensions compared to what
is required in SWAPP. The visualisation is also limited to applications with categorical
variables. Interpretation of the contingency wheel also tends to be more complex than the
techniques discussed above and analysts who use contingency wheel needs some training to
make effective use of it.
Figure 3.3: Contingency wheel [19]
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3.2.4 Parallel Sets
Parallel set is a categorical version of the parallel coordinates which may be used to visualise
quantifiable relationships between variables/categories [38]. The technique is based on the
axis layout of parallel coordinates. The boxes representing the categories and parallelograms
between the axes showing the relations between categories. The width of the parallelogram
between the categories can be used to represent the level of correlation (see Figure 3.4). But
as with the parallel coordinates, with an increasing number of variables, the interpretations
from the visualisation may not be straightforward. Furthermore, the applications are limited
to categorical variables.
Figure 3.4: Parallel set visualisation [7]
3.2.5 Venn Diagrams
Other conventional visualisations for depicting relationships, including Venn diagrams [37].
Each variable in a Venn diagram is represented by a circle, the amount of shared variance
or correlation can be represented by amount of overlap between the circles in the Venn
(see Figure 3.5). However, Venn diagrams do not work too well for larger dimensions/vari-
ables and quantifying the inferences tend to be cumbersome and erroneous in such cases as
circle/ellipse intersections are difficult to interpret and compare.
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Figure 3.5: Venn Diagrams [1]
3.2.6 Connected Graphs and Dendrograms
Connected graphs [55, 54] have also been employed in visualising correlation, however as
with the case of contingency wheel, such approaches work best for a very large number of
variables. In connected graphs the nodes represent different variables while the edge between
the nodes represent the correlation between different variables. Longer the edges, the less
correlated the variables are. (e.g., see Figure 3.6)
Figure 3.6: Connected Graphs [54]
Variants of this method include, approaches such as clustering/ dendrograms successfully
applied in multiple disciplines [52]. Dendrograms have a tree like architecture. Each variable
in the dendrogram is represented by the leaf nodes on the tree. The correlation between
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any two variables is determined by the height of the most recent ancestor node of the two
variables (e.g., Figure 3.7).
Such methods, though, assume a connected relationship or correlation between all the
variables. Both connected graphs and dendograms do not allow visualisation of the individ-
ual data points.
Figure 3.7: Dendrogram [13]
3.2.7 Correspondence Analysis Plots and Moon Plots
Correspondence analysis Plots [36, 63] and its modern variant - moon plots [23], have been
deployed successfully in correlation analysis in multiple disciplines.
An example of correspondence plot is given in Figure 3.8. The rows (brands), the in-
dividual data samples of the dataset used is represented by blue points. While columns
(personality), variables of the dataset are represented by orange points. The distance be-
tween any rows or columns in the plot, indicates their correlation. Rows with similar profile
are close on the plot. The same is true for columns. As for the moon plots (see Figure 3.9),
the variables are arranged in a circle, and the individual data samples are plotted inside the
circle. The distance between the attributes and data points indicate the correlation.
However, analysis of literature revealed that there is some confusion introduced by the
visualisation while a novice user interprets them [23]. Although moonplots attempt to rectify
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the shortcomings, the method suffers from the same drawbacks. Moreover, the methods are
infeasible for large number of data points.
Figure 3.8: Correspondence Plot [17]
3.2.8 Solar Correlation Plot
Other methods like solar correlation plots [68] are confusing when it comes to interpreting
negative correlations, and have found very little application in the research domain. In a
solar correlation plot, each circle around the sun is an orbit. The variables are represented as
planets, and moons are variables that are inter-correlated with the planet variable they orbit.
The closer the orbit, the stronger the correlation (see example in Figure 3.10). However,
solar plots tend to be confusing for large number of variables and also the lack the ability
to throw light on the functional relationship between variables.
3.2.9 Heatmap of Correlation Matrix
Heatmaps of the correlation matrix have been successfully applied in correlation/relation-
ship analysis/ display in multiple disciplines including health informatics [33] and could
possibly be the most used visualisation in correlation applications. Heatmaps are visualisa-
tions of the correlation matrix between all the variables in a dataset (see Figure 3.11). The
correlation between two different variables in the dataset is indicated by the colour of the
corresponding matrix element. The heatmap is an option that came closest to satisfying
the primary requirements of the SWAPP correlation analysis tool. Unfortunately, even the
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Figure 3.9: Moon Plots [18]
heatmaps on its own did not provide the option to visualise individual samples in the data.
We also noted that information displayed on the heatmap can be overwhelming when the
number of variables are over 10. Nonetheless heatmaps met part of the requirements, so we
did incorporate a modified version of heatmap in our proposed tool.
3.3 Going forward
Summary of our findings from the review of literature can be found in table 3.1. From our
analysis it was apparent that the scatterplots by far provided the best functional represen-
tation for continuous variables. This could easily be extended to discrete variables by using
Jittering. Jittering is a data visualisation technique that involves adding random noise to
data points, this is to prevent overplotting of data points in statistical graphs. However,
the major downsides with scatterplots were the lack of quick summary and difficulty in
analysing non linear functions. Heatmaps on the other hand provided a well organised sum-
mary that was easy for the user read and comprehend. However, the actual data and the
functional representation is lost in heatmaps, since they are a representation of the correla-
tion coefficient and significance. So our challenge now was to design a system that gave us
the best of both worlds. This is described in the next chapter.
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Yes No Causes cluttering with large
number of data points
Contingency
Wheel
Categorical Yes No Application limited to
categorical variables
























Yes Yes Not suitable for novice user
Moonplots Continuous, Dis-
crete/Categorical













No Yes Best of the bunch for quick
summary of correlations
Table 3.1: Summary of Visualisations analysed
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Figure 3.10: Solar Plot [68]
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The idea of visualising correlations between variables of interest is not unique. Many sta-
tistical software products like Microsoft Excel [4], SPSS [9] and JMP [3] allow users to find
correlations between two variables. However, the use of such software assumes knowledge
about statistical primitives and the software packages. Since the tool we built is integrated
into the data acquisition or sleep logging system there is also no need to export, clean
up or format the data for correlation assessments. Furthermore, the procedure involved in
generating the correlation reports from such statistical software packages tend to progress
in a tedious and algorithmic manner, thus work-flow can be reused for a given set of data
variables. Moreover, opting for a visual analytic solution gives the experienced clinicians
more power, control and flexibility in the data interpretation.
4.1 The interaction
Clinicians are typically required to analyse correlations between variables pertaining to sleep
and other daily activities of the child. For instance, a clinician may be interested to know
how a particular drug/treatment (in some cases multiple drugs) interacts with the sleep
quality of the child. Another example would be, where the clinician is required to analyse
if exercising reduces disorders such as sleepwalking. We noticed that in most scenarios, the
clinicians worked with a selective subset of variables. Based on the observation we decided
to build an interaction that would help filter variables.
The design of the interaction was inspired by the drag and drop interaction of the data
visualisation software Tableau (see Figure 4.1) [11]. The available sleep-related variables/-
parameters/events for visualisation are stacked on the left-hand side of the visualisation
in categorical boxes (figure 4.2 (a)). Note that the variables are in the form of the small
rectangular capsules (figure 4.2 (b)) in the larger categorical boxes (figure 4.2 (a)). The
categorical classifications of the sleep variables, i.e., headings of the boxes holding the sleep
variables are designed to closely resemble the categorical classification and boxes that can
be found on the clinician dashboard of the SWAPP web application, this ensures recogni-
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Figure 4.1: Tableau drag and drop
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tion of the variable setup from the dashboard which the users are already familiar with,
rather than contrived recall of the setup, which is one of the key heuristics of interaction
evaluation according to Nielsen [47].
There is a ‘horizontal box’(figure 4.2 (d)) and a ‘vertical box’ (figure 4.2 (c)), to the right
of the ‘variable/parameter boxes’ (figure 4.2 (a)). These horizontal and vertical boxes act
as input for the x-axis and y-axis of the visualisation respectively. Initially when the page
loads, the area where the visualisation originally appears is depicted by a white space to
the right of the ‘y-axis box’ (figure 4.2 (c)) and above the ‘x-axis box’ (figure 4.2 (d)). The
user can initialise the visualisation by dragging and dropping ‘individual variables’(figure
4.2 (b)) into the ‘x-axis box’ and ‘y-axis box’. There is a direct correspondence between the
order of variables along the respective axes in the visualisation and the order of variables
in axes boxes, the interaction allows reordering and even moving variables between the two
axes boxes according to the user’s needs by further dragging and dropping. The user can
remove unwanted variables from the x-axis and y-axis boxes by clicking on the ’x’ button
(figure 4.2 (e)) on the right of the rectangle containing the variables.
4.2 The visualisation
As discussed in the related work section, the other existing methods were inadequate on
their own to deliver to the requirements of the application of sleep data analytics, where
the users are typically doctors. The alternative was to combine two of the visualisations
cited in the previous research section, by exploiting the best features from ‘two worlds’ for
the convenience of the user. We also identified that the effect size is as important as the
significance value/ correlation when it comes to assessing relationships between variables,
in light of previous scientific literature [33]. Careful analysis of the possible combinations
of the visualisations suggested that combining the heatmaps with the scatter plots satisfied
the requirements of the application. The primary visualisation is a heatmap plot of the
correlation matrix arising from the variables dropped in the x-axis and y-axis boxes. There
should be at least one item in both x-axis box and y-axis box to initialise the visualisation.
Pearson correlation coefficients are used between two continuous variables and Spearman’s
coefficient is used if a discrete variable is involved. As discussed above there will be columns
in the visualisation corresponding to the variables dropped in the x-axis box and rows
corresponding to the variables dropped in the y-axis box. The intersection of the rows and
columns i.e, the individual cells in the visualisation depict the correlation between those
two variables. The visualisation was designed using the Plotly, a JavaScript library. Colour
is used to represent the value of the individual correlations or the effect size; a red-blue
scale is used for mapping correlations (figure 4.2(f)). The colour scale was chosen based
on similar research in the past [33]. The red region on the scale represents a high positive
correlation while the blue signifies a high negative correlation.
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Figure 4.2: Annotated interaction for the visualisation
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The size/radius of the circle represents the significance value. Mathematically, where
R is the radius of the circle and p ∈ [0, 1] is the significance value. For some constants
c, k ∈ R+ and c > k
R =
c× (1− p), if p 6 0.05;k × (1− p), elsewhere;
Thus, the radius of the circle increases as significance value decreases. Also, the rate
of increase is more when the significance was less than or equal to 0.05. This ensures that
insignificant relationships (p > 0.05) are represented by much smaller circles.
The transparency of the circle in the heatmap was adjusted to represent the product of
the magnitude of correlation and the difference of the significance value from unity. Thus,
the circles would mostly be transparent or invisible unless both the significance and Corre-
lation conditions are satisfied. So where significance is represented by p ∈ [0, 1], correlation
coefficent is represented by r ∈ [−1, 1] and transparency is represented by α ∈ [0, 1]
α ∝ (1− p)× |r|
One of the requirements of the system was to simplify the primary analysis of the sleep
variables for correlation. Meticulous filtering from trials of the possible visualisation designs
discussed in the related works section suggested that the heat map visualisations provide a
quick overview when analysing numerous variables. Once, the user has identified the pair of
variables that need to be examined, the user can gain further insights into the variable pair
from the scatter plot between the two variables. This is achieved by clicking on the respective
circles on heat map visualisation, which would then display the scatter plot between the
two variables as a popover. This would allow the user to have a deeper view of the sample
points in the data. Jittering was introduced in the scatter plot to accommodate visualisation
of discrete variables using a scatter plot (see Figure 4.2). Jittering is a data visualisation
technique that involves adding random noise to data points, this is to prevent overplotting
of data points in statistical graphs.
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Figure 4.3: Initial view when the correlation visualisation tool loads in the browser
Figure 4.4: Drag and drop items into the X-axis and Y-axis boxes to initialise the heatmap
visualisation
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Figure 4.5: View after drag and drop. The colour of the circle reveals the correlation between
corresponding variables with regards to the heatmap scale, correlation value is also written
in text on the circle (-0.79 in this case). The radius of the circle shows the significance of
the correlation. Finally, the transparency of the circle is a combination of the significance
and correlation (by multiplication).
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Figure 4.6: One vs many search in the variable space using drag and drop reveals all the
variables that correlate with the variable of interest (PFB Mood in this case).
Figure 4.7: Scatter plot integrated into the visualisation, revealed by clicking the circle in
the heatmap, this example shows the scatterplot of two discrete variables with positive
correlation
29




Study Design for Validation
In order to determine the efficacy of the Correlation Visualisation Toolkit, we decided to
do a comparative analysis of the Toolkit with one of the ubiquitous Data Analysis Tools for
Correlation. Microsoft Excel in the Office 365 Suite is reportedly one of the most popular
data analysis software in market [30]. Our consultations with the clinicians also revealed
that Excel was popular among their colleagues. Thus Microsoft Excel was chosen for the
comparison. As stated earlier, the objectives of the Correlation Visualisation Toolkit is to
reduce the workload, time demands and error-rate involved while analysing correlations in
the sleep-related data. So we decided to design the experiment around measuring these
three key parameters.
I used a mixed-method study design [26] as the strategy of inquiry, since some of the
components of the research could not be represented exclusively by qualitative or quanti-
tative data. The study design followed a pragmatic worldview [26]. I used embedded mixed
methods design, the study may be viewed as quantitative strand embedded in case study.
The study was conducted on 20 adult participants over the age of 19 years. Originally the
study was intended to be conducted in-person at the SFU Surrey campus. Unfortunately,
the study was approved by SFU Office of Research Ethics in the midst of COVID-19 lock-
down. As a result, we made changes to the study in order to deploy it online. Thus this
chapter answers the following research question (RQ2 from 1.1):
How to run a User Study on the Correlation Visualisation Toolkit during a global
Pandemic?
As the University was completely shutdown, the participants were recruited through online
means including social networking platforms and announcements in undergraduate virtual
classrooms.
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Figure 5.1: Overview of the study
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During the study the participants were asked to use Correlation Visualisation Toolkit
and Microsoft Excel. At the start of the study, they had to complete a pre-study question-
naire meant to collect demographic information. They were then asked to perform three
different types of tasks using each of the software applications - the Correlation Visualisa-
tion Toolkit and Microsoft Excel. Their approach of carrying out the task, the accuracy of
the analysis performed was observed and noted over screenshare. The screenshare was also
recorded. Once they completed the tasks on each software, they were asked to complete the
NASA Task Load Index questionnaire (NASA- TLX). This was followed by short interview.
The overview of the actual study can be seen in Figure 5.1.
5.1 Study Description
5.1.1 Study Setup
During the initial email correspondence with the participants, I explained the basic outline
of the study and send the Excel datasheet file (containing the dataset) that would be used
for the study. Having a Microsoft Excel installation on the participant’s computer was
advertised as a requirement for the study. Figure 5.2 illustrates the dataset being loaded on
Microsoft Excel. The Zoom link for the study, the training document for using the tools,
and the consent form for the study were also included in the email.
The Correlation Visualisation Toolkit was hosted on the SFU web-space. The software
was configured to be a standalone web-page to ensure the privacy of the users. You can
see the hosting on Figure 5.3. The dataset to be used for the study was preloaded into the
Correlation Visualisation Toolkit.
The data used in the Correlation Visualisation Toolkit was identical to that in Microsoft
Excel, except for the file format. Excel used a xls file while, Correlation Visualisation Toolkit
used a JSON file.
The dataset used for the study was prepared synthetically using mockaroo.com. Mocka-
roo is a a simple web app that allows you to create datasets from scratch [5]. The variables
in the datasets could be configured to be random numbers or custom functions. I delib-
erately introduced functional relationships between some of the variables present in the
synthetic dataset. In the real-world scenario actual patient data would be used for analysis.
Particularly the data logged using SWAPP would be used for this analysis.
5.1.2 Study Procedure
The study procedure was completed over a Zoom call. Before the start of the study the
participants were requested to fill in the pre-study questionnaire.
During the study, I went over the goals of the study and then proceeded to train the
participants to use the first tool to complete the tasks. Half of the participants used the
Correlation Visualisation Toolkit first, while the other half used Microsoft Excel first.
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Figure 5.2: Microsoft Excel with the dataset loaded
Figure 5.3: Correlation Visualisation Toolkit hosted on SFU Webspace, with dataset loaded
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The tasks
There were two sets of tasks used, Set A and Set B. Half of the participants (50% split on
each software) used Correlation Visualisation Toolkit for solving Set A and Excel for solving
Set B. The combination was flipped for the other half. Set A and Set B were mostly similar,
barring different target variables in the tasks. In any case, the procedure to complete the
tasks remained the same irrespective of the task set. The participants were requested to
share the software tool window over Zoom as they completed the tasks. The screenshare was
recorded locally through Zoom. I also observed the actions on the participant’s screenshare
as they completed the tasks and took notes. The tasks in each set were classified into three
types:
1. Simple Correlation Analysis: These tasks had two target variables in each question
and the participants were required to analyse the correlation between the two. The
participants completed a total of three questions of this category for each tool. The
participants were required to choose from ‘yes’, ‘no’ or ‘do not know’ options, after
analysing the data using the tool(either Excel or Correlation Visualisation Toolkit).
E.g., Is “PFB mood” correlated to “Difficult to get to sleep”?
2. Correlation Search Problems: This task involved analysing one vs many correla-
tion. The participant was given a single target variable and they were asked to analyse
its correlation with all other variables. This task can be viewed as an expanded ver-
sion of the Simple Correlation Analysis task. E.g., Which “Asleep Behaviour(s)” is
“Cough” correlated with?
3. Functional Relationship Analysis: The goal of this task was to understand the
functional relationship between two given target variables. For this, the participant
had to produce the scatter plot between the two variables. The participants were then
required to identify which one of the following functions best described the scatter plot
- linear(decreasing/increasing), parabolic and exponential. Where the participants felt
that the relationship did not fall into any of the above functions, they were asked to
indicate the functional relationship as ‘other’. E.g., What is the functional relationship
between ‘Asleep duration’ and ‘Awake duration’?
For completing the correlation analysis tasks the participants were required to analyse the
significance and correlation coefficient of the relationship between the two variables. Where
the significance, p < 0.05 and the absolute value of correlation coefficient, |r| > 0.5, the
participants were instructed to assume correlation. Detailed procedural instructions for each
tool can be found in the training document in Appendix A.2.
After completing the tasks on the first tool, the participants were asked to complete the
NASA-TLX questionnaire. The whole process was repeated for the second tool.
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5.1.3 Post-study interview
At the end of the study I conducted a semi-structured interview to understand the partic-
ipant’s experience with the two software tools in a qualitative manner. The interview was
recorded locally on my computer through Zoom. The guiding questions could be grouped
broadly into four categories.
1. Questions reviewing participant’s familiarity with data analysis tools.
2. Questions focused on the experience of the participant with the Correlation Visuali-
sation Toolkit
3. Questions comparing Microsoft Excel with Correlation Visualisation Toolkit
4. Questions based on observations from the screenshare while the participant was com-
pleting the tasks.
These were aimed to help answer RQ3 and RQ4 defined in section 1.1. More details on the
guiding questions can be found in appendix section A.4.
5.1.4 Questionnaires
The study made use of two Questionnaires, namely the Pre-Study Questionnaire and the
NASA-TLX Questionnaire. Data from all questionnaires were collected using SFU’s Survey
Monkey hosting.
Pre-Study Questionnaire
The pre-study questionnaire collected demographics information about the participants in-
cluding, but not limited to age, information about disabilities affecting vision and experience
with data analysis tools. See Appendix A.1 for the questionnaire.
NASA Task Load Index (NASA-TLX) Questionnaire
NASA-TLX is a tool used to evaluate workload in various human-machine systems [34].
Using multidimensional ratings, NASA-TLX provides the Overall Workload Score for the








The questionnaire was used to capture the workloads associated with using Correlation
Visualisation Toolkit and Microsoft Excel. The participants were asked to fill in the form
immediately after completing the tasks on each of the above softwares. See Appendix A.3
for the questionnaire.
5.1.5 Data Collected
The data collected during the study came from the following sources
• Data from Questionnaires:
– Pre-Study Questionnaire
– NASA-TLX Questionnaire
• Observational Data and Screen Recording: As the participants completed the
tasks on the software tools, I observed over the Zoom screenshare. The data was
also recorded locally on my computer to facilitate further analysis (if required) in the
future. I made note of observations relevant for validating the Correlation Visualisation
Toolkit. Some of the observations noted were also followed up during the interview.
The recordings were also used to calculate task completion times for participants.
• Interview transcripts: As discussed earlier the data from the interviews were recorded
locally. After the study, these were transcribed and analysed by me.
5.1.6 Participants
For the study we recruited students and workers at SFU who were over the age of 19. The
participants were recruited through online means including social networking platforms and
announcements in Undergraduate virtual classrooms. They were compensated 10 CAD for
their time.
The participants were between the age group of 19 and 34, with the average age of 25
years. All of the participants indicated that they had previous experience with Excel at
some point in their life. None of the participants had any conditions that affected their
vision.
5.2 Ethical Considerations
The following Ethical considerations were made to ensure the welfare of the participants
and their data.
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• Zoom Protocol: The whole study was conducted over a Zoom call. Zoom is a video
conferencing solution. Zoom was chosen because it provides video and audio encryp-
tion using ‘using AES-256 encryption, and optional end-to-end encryption’ [12]. This
allowed us to ensure the privacy of the data transmitted over the zoom call. Each par-
ticipant was sent a unique Zoom link, this was to ensure that ‘Zoombombing’ [40] did
not happen. The study followed relevant guidelines from the Ethical Considerations
and best practices set by the SFU Office of Research Ethics [2].
• Informed Consent: At the start of the Zoom call I went over the goals of the study,
the study procedure and the concept of informed consent. The participants were then
requested to provide informed consent before proceeding with the study. I took care
in explaining the participant that consent is an ongoing process and, they can opt out
at any point. The consent form was converted into a digitally signable forms using
Adobe Acrobat DC to suit the online study.
• Data Storage: In order to ensure privacy of the participants, names of the partici-
pants were anonymised and only the unique identifier (such as P1, P2) was listed for
each participant. All the data from the participants were stored in SFU based servers




Two dependent variables (DVs) were used in the quantitative data analysis:
1. Overall Workload from NASA-TLX Questionnaire
2. Time taken for completing all tasks in seconds
The total Time for task completion for each participant was carefully extracted from
the screen recording of them completing the tasks. The independent variable (IV) was the
software tool used. So, the IV can take two values, either Microsoft Excel or Correlation
Visualisation Toolkit. I then ran Paired Samples t-Test on each of the DVs to understand
the influence of the software tool on the DVs.
Paired Samples t-Test/ Dependent t-Test/ Repeated Measures t-Test
Paired Samples t-Test or paired t-Test is a statistical test used to compares two means that
are from the same source (participant, object, or related units) [53, 10]. Our study involves
making the DV measurements with both Microsoft Excel and Correlation Visualisation
Toolkit. The test can be used to determine if there is statistical evidence that the mean
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difference between paired observations on a particular outcome is significantly different from
zero. The study is also known as Dependent t-Test or Repeated Measures t-Test.
For the results from the Paired t-Test to hold, the following conditions need to be
satisfied:
• DVs should be continuous: Clearly the Total Time taken for all tasks is continuous.
And NASA-TLX Overall Workload as discussed earlier occurs in a continuous interval
of [0,100].
• Participants in each sample or group are same: We have already mentioned that all
participants used both the software tools.
• The distribution of the difference between the two paired values is approximately
normal: In order to verify the condition we ran the Shapiro-Wilk statistical test for
normality [41] on the difference between paired samples (samples taken on each of the
tools). This was further verified using QQ-plot (Quantile to Quantile plot) [16], which
is a visual-analytic technique that can be used in verifying normality. See Appendix
B for results of normality tests. These tests suggested that the data was normal.
• No outliers in the difference between the two paired values: In order to verify that no
outliers existed in the difference between paired samples (samples taken on each of
the tools) we inspected the box plot of the difference. See Appendix C for results of
outlier detection. No outliers were observed for either variables.
After verifying the above conditions we proceeded to the Paired t-Test for each of the
DVs, with the IV remaining the same for both. The results from the two paired t-Tests (one
for each DV) were used to validate RQ3 and sub-questions defined in section 1.1.
5.3.2 Qualitative data
The interviews were transcribed by me and I then proceeded to do thematic analysis on
the transcripts. I used open coding to generate the themes. Followed by axial coding to
categorise them. The reliability of the codes were verified by two experts independently.
The analysis was guided by RQ3 and RQ4 defined in section 1.1:
RQ3: Does the Correlation Visualisation Toolkit perform better than Microsoft
Excel in terms of overall workload and time taken for task completion?
RQ4: How can we improve the Correlation Visualisation Toolkit?
For RQ3, the qualitative data from the interviews was used to provide complementary
and contextual information about the results from the quantitative data analysis. As for





This chapter focuses on the results from the data analysis. The results from the data analysis
are organised into the following three sections:
1. Comparison of Workloads and Time taken for completing tasks Correlation
Visualisation Toolkit and Microsoft Excel: In this section we discuss the results
from the two Paired t-Tests discussed in 5.3.1. Qualitative data from the interviews
was then used to add complementary and contextual information to the results.
2. Improving the Correlation Visualisation Toolkit: The section focuses on results
from the thematic analysis of the qualitative data from the interviews. The section
provides recommendations to improve the Correlation Visualisation Toolkit
3. The Curious Case of P05: One of the participants in the study, P05 faced significant
distress while using Microsoft Excel. This is discussed in the section.
6.1 Comparison of Workloads and Time taken for complet-
ing tasks Correlation Visualisation Toolkit and Microsoft
Excel
In this section we start with results from the quantitative data analysis. Then we use
qualitative data to reaffirm the conclusions from the quantitative data and to explain why
the quantitative data results are as such. In this section we answer RQ3 defined in Section
1.1.
RQ3: Does the Correlation Visualisation Toolkit perform better than Microsoft
Excel in terms of Overall Workload and time taken for task completion?
Or from quantitative perspective we can formulate the following hypotheses from the
above question:
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• H1: Mean Overall Workload for Correlation Visualisation Toolkit is less than that for
Microsoft Excel.
• H2: Mean time taken for completing correlation analysis tasks on Correlation Visual-
isation Toolkit is less than that for Microsoft Excel.
6.1.1 Comparison of Workload
Our analysis of the results for comparison of Workloads between Microsoft Excel and Cor-
relation Visualisation Toolkit began by looking into the quantitative data. We specifically
analysed the Overall Workload parameter obtained from the NASA-TLX questionnaire com-
pleted by the participants. As mentioned in the previous chapter, all participants worked on
both the tools in a counterbalanced manner. Half of the participants worked initially with
the Correlation Visualisation Toolkit, while the other half worked with Microsoft Excel. I
applied Paired t-Test in order to analyse the data. I used hypothesis H1 for analysing the
data.
As mentioned earlier, a Paired Samples t-Test was conducted to compare the NASA-
TLX Overall workload for Correlation Visualisation Toolkit and Microsoft Excel. From the
results we can conclude that there was a significant average difference between NASA-TLX
Overall Workload scores for Correlation Visualisation Toolkit and Microsoft Excel.
Variables Description
CorrViz_Overall NASA-TLX Overall Workload on Correlation Visualisation Toolkit
Excel_Overall NASA-TLX Overall Workload on Excel
Table 6.1: Variables in analysis of Workload
The mean NASA-TLX Overall Workload for Correlation Visualisation Toolkit (M =
21.93, SD = 13.183) was lower than that for Microsoft Excel (M = 62.77 , SD = 17.932)
(see table 6.2). And this was significant, (t19 = −11.442, p < 0.001) (see table 6.3).
Variable Mean N Std.Dev. Std. Error Mean
CorrViz_Overall 21.93 20 13.183 2.948
Excel_Overall 62.77 20 17.932 4.010
Table 6.2: Paired Samples statistics for NASA-TLX Overall Workload
Paired Difference Mean Std. dev. Std. error t df Sig (2 tailed)
CorrViz_Overall - Excel_Overall -40.833 15.959 3.569 -11.442 19 .000
Table 6.3: Paired Samples t Test results on NASA-TLX Overall Workload
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These results suggest that,Mean Overall Workload for Correlation Visualisation
Toolkit is less than that for Microsoft Excel.
6.1.2 Comparison of Time Duration
Next we analysed the DV, total time taken to complete all the tasks. The total Time (in
seconds) taken for completing tasks on Correlation Visualisation Toolkit and Microsoft
Excel is represented by CorrViz_Time and Excel_Time respectively.
Variables Description
CorrViz_Time Total Time for tasks on Correlation Visualisation Toolkit
Excel_Time Total Time for tasks on Excel
Table 6.4: Variables in analysis of Time
As discussed earlier, Paired Samples t-Test was conducted to compare the total time
taken for completing tasks on Correlation Visualisation Toolkit and Microsoft Excel. From
the results we can conclude there was a significant difference in total time taken for com-
pleting tasks on Correlation Visualisation Toolkit compared to that on Microsoft Excel.
Variable Mean N Std.Dev. Std. Error Mean
CorrViz_Time 281.8 20 57.76140 12.91584
Excel_Time 1094.3 20 310.55436 69.44207
Table 6.5: Paired Sample Statistics for Total Time
Paired Difference Mean Std.Dev. Std. Error Mean t df Sig.(2 tailed)
CorrViz_Time - Excel_Time -812.5 281.08409 62.85231 -12.927 19 0.000
Table 6.6: Paired Samples t Test result for Total Time
The mean for total time taken to complete tasks on Correlation Visualisation Toolkit
(M = 281.8, SD = 57.76140) was lower than that on Microsoft Excel (M = 1094.3 , SD =
310.55436) (see table 6.5). And this was significant (t19 = −12.927, p < 0.001) (see table
6.6).
These results suggest that, Mean time taken for completing correlation analysis
tasks on Correlation Visualisation Toolkit is less than that for Microsoft Excel.
6.1.3 Reaffirming and understanding why Correlation Visualisation Toolkit
performs better using qualitative data
The qualitative data from the interview transcripts reaffirmed the conclusion that Microsoft
Excel presents excessive burden in terms of workload and time taken to complete tasks.
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To our question ‘If you have a choice, which one of the two tools would you choose for
correlation analysis in the future?’, all the participants unanimously picked correlation
Visualisation Toolkit. Detailed analysis of interview transcripts revealed why they came
to that conclusion. This is discussed in detail below.
Correlation Visualisation Toolkit is Easy, Intuitive and Straightforward
Participants found Correlation Visualisation Toolkit more easy, intuitive and straightfor-
ward compared to Microsoft Excel. The analysis showed that following were the major
reasons for this:
• Effortless Interaction: The Correlation Visualisation Toolkit’s amicable interaction
(discussed in section 4.1). The features of the interaction that were favourite among
the participants were the Drag and Drop and the Scatterplot option.
P4 says, ‘I think compared to using Excel it is much easier, you just drag
and drop and then you just compare. And using the scatter plot you can see
the correlation pretty easy and it is straightforward.’
The Drag and Drop interaction for the Correlation Visualisation Toolkit simplified the
process of variable selection for analysis. Most of the participants found the process
of selecting variables by using the drag and drop feature largely intuitive. Most of the
participants feel they would have been able to use the drag and drop feature with
minimal supervision/training.
Coming into the Scatterplot functionality of the Correlation Visualisation Toolkit, the
participants found the process easier compared to Excel. The Scatterplot was displayed
only on click on the Correlation Visualisation Toolkit, as a result the participants felt
they were not confused by excessive information. Finally, it was easier to choose the
variables to be plotted, since the circles corresponding to the pairs of variables was
largely apparent.
• Good Visual Vocabulary: The analysis suggested that Correlation Visualisation
Toolkit had good visual vocabulary that simplified the tasks to a large extend. In
Excel the participants had to peruse through rows, columns and numbers, and then
go through intricate process flow to get to the results. The Correlation Visualisation
on the other hand Toolkit presented the results graphically. In the Correlation Visual-
isation Toolkit there well defined visual metaphors, including the colour, transparency
and size of the circle as discussed in 4.2. These visual metaphors largely simplified the
analysis of correlation. This is largely evident in what P9 says:
‘I simply just put there and I get the result and I can interpret the results
and it is visualised. Unlike Excel it [Correlation Visualisation Toolkit] has
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colours and tells me how you said that the parts won’t show up if the p is
not there. So it is much more easier to look for what I am looking for, so I
don’t have to worry about all those things. But I have to do it for excel.’
• Lower learning curve: The Correlation Visualisation Toolkit had a lower learning
curve compared to Microsoft Excel, as use of many of the features were largely appar-
ent (e.g., Drag and drop feature described above). Many of the participants (7 out of
20) felt they would have required minimal (or no) training/ supervision to complete
tasks on Correlation Visualisation Toolkit. As discussed above, the Visual Vocabulary
of the Correlation Visualisation Toolkit was easier to learn than the process flow on
Excel. P16 says,
I think the toolkit was much easier to learn. I think you explained first time
once and I really didn’t have to ask a question. But Excel you explained,
but couple of times I had to ask the question there were couple of different
elements to it. So learning curve for the toolkit was easier.
Also, the components of the Correlation Visualisation Toolkit interaction, hinted the
user what to do next. For example, the x-axis and y-axis boxes hinted the user on how
to use the drag and drop feature to select variables. Furthermore, the participants felt
largely frustrated while learning to find correlations on Microsoft Excel, compared
to the Correlation Visualisation Toolkit. Finally, some of the participants pointed
out that the interaction on Microsoft Excel required more background knowledge
compared to Correlation Visualisation Toolkit. For instance, Microsoft Excel requires
knowledge of row and column selection and manipulation. All our participants had
previous experience with Microsoft Excel, so this was not an issue during our study.
Correlation Visualisation Toolkit is Effective, Useful and Convenient
The major motivation for the development of the Correlation Visualisation Toolkit came
from the necessity reducing the workload and time required to analyse the correlations in the
sleep data (discussed in Chapter 1). The participants found the Correlation Visualisation
toolkit effective in terms of reducing the time to complete tasks. The participants also note
that the tool required far less effort from them. We identified that the following were the
reasons for this.
• Fewer steps to goal: As warranted by the results from the quantitative data, Corre-
lation Visualisation Toolkit allowed users to finish their tasks quicker when compared
to Microsoft Excel. This was mostly because Correlation Visualisation Toolkit had
fewer steps to get to the result. Fewer steps also meant lesser mental effort and work-
load on the participants. On the Correlation Visualisation Toolkit, the selection of
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variables and the analysis of correlation is largely simplified by the Effortless Interac-
tion and the Visual Vocabulary. In order to analyse the correlation, all the participant
needed to do was drag and drop the desired variables, and analyse the colour, radius
and/or transparency of the circle. This procedurally required fewer steps than Excel.
P14 says,
‘So for excel I felt like there was a lot of steps to remember it can be a bit
too much, it like a lot of numbers are spinning at you. It can it be a bit
hectic. Like the other one [Correlation Visualisation Toolkit] it was easier
than number seeing, it’s just labels. And ok colour, I mean it is correlated
and it is way easier for me to understand than look at the number and
compare the number.’
• Confident about results: The participants felt they were far more confident about
the results for the tasks they completed on the Correlation Visualisation Toolkit, than
on Microsoft Excel. The procedural complexity on Excel made the participant wary of
the results, as they were not sure if they followed the steps accurately. Furthermore,
the participants accidentally selected the wrong column for data analysis occasionally.
Therefore, they had to double check their actions throughout the study on Excel. This
took time, and also required a significant workload from the participant. Thus, the
participants felt they were under less pressure while concluding results on Correlation
Visualisation Toolkit than on Excel. P18 says,
‘I found on your tool [Correlation Visualisation Toolkit], I didn’t have to
double check if I did it correctly. While with excel I kept having to double
check.’
Coming into the scatterplot option, the participants noted that the Jittering feature
allowed them to understand the functional relationships better on the Correlation
Visualisation Toolkit, than on Excel which had regular scatterplots. This was another
factor that contributed into the participants’ confidence in concluding results. P3 says,
‘In the first one in the tools [Correlation Visualisation Toolkit] you had more
points in the middle line. So I knew that kind of was linearly related. But
in excel file all dots had had the same size and so it didn’t give you sense of
correlation.’
• Less Mental Effort: The participants confirmed that they experienced less mental
effort on the Correlation Visualisation Toolkit, than on Microsoft Excel. As discussed
above, Correlation Visualisation Toolkit had fewer steps to complete tasks when com-
pared to Excel. Also, the participants were not distracted by redundant information on
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Correlation Visualisation Toolkit unlike Excel. Furthermore, the process flow on Excel
required the user to double-check each and every step. All these factors contributed
to reducing the participants’ mental effort and in turn the workload. P8 says,
‘And when you want to select the variable, it takes much effort because you
have to go through more steps to reach your goal.’
Correlation Visualisation Toolkit is Pleasant, Accessible and less Frustrating
The qualitative analysis revealed that the participants found the Correlation Visualisation
Toolkit more pleasant and accessible and less frustrating. Following are their rationale for
this.
• Simultaneously handle multiple variables: Correlation Visualisation Toolkit al-
lows users to drag and drop multiple variables to both x-axis and y-axis boxes. This
proved particularly handy in completing the Correlation Search Problems (see 5.1.2).
The interaction also allowed users to obtain both p-value and effect size simultane-
ously. P1 says,
‘And also having the ability to put multiple variables that is also handy when
I am thinking about excel that is a lot of pain.’
• Hides redundant information: Participants also pointed out that the display of
redundant information on Excel was distracting. This was one of the most frustrating
aspects of Excel for the participants. On the Correlation Visualisation Toolkit the
dataset itself was hidden from the user and only the names of the variables and the
correlation between the variables were displayed using visual vocabulary in a pleasant
manner. Even inside the visualisation uncorrelated relationships were obfuscated by
means of transparency (discussed in 4.2). This allowed the participants to focus on
the task rather the procedure. Thus, unlike Excel Correlation Visualisation Toolkit
does not overwhelm or frustrate the user with information. P10 says,
‘For Excel, all the data is at your face, so it is hard to find stuff. I have
been used to it for multiple things so kind of have a familiarity there. But
there was so much data there so slower and harder there.’
• Better presentation: Participants found the categorical organisation of variables
in the interaction of Correlation Visualisation Toolkit very convenient. This allowed
them to locate and select variables using the drag and drop interaction easily. Two of
the participants felt, the presence of colours in the data visualisation also improved
the experience for them. P13 says,
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‘It’s a lot more intuitive than Excel for sure. Since, the values are kind of...
are structured, they are not categorised in the way on Excel. In the tool you
have boxes that say what happens when you are asleep, you are preparing
for bed [PFB] and you are awake, and you can easily go to ,“I need to check
PFB vs asleep” that is really easy compared to Excel which I have to ...
almost go through text.’
6.1.4 Summary of findings on Correlation Visualisation Toolkit vs Mi-
crosoft Excel
Thus, the results from the quantitative data analysis suggest that the Correlation Visuali-
sation Toolkit performs better than Microsoft Excel in terms of Overall Workload and Total
Time taken for task completion. Furthermore, the qualitative data reaffirmed the conclu-
sions from the quantitative data and adds richer detail on the merits of the Correlation
Visualisation Toolkit. This includes details on why Correlation Visualisation Toolkit works
better than Microsoft Excel for the Given tasks. Finally, the qualitative data also showed
how the Interaction and the Visualisation of the Correlation Visualisation Toolkit improved
the experience of correlation analysis for the participants.
6.2 Improving the Correlation Visualisation Toolkit
We recognised that the Correlation Visualisation Toolkit is far from a finished product and
we needed suggestions to improve the tool. This section is driven by the RQ4 from 1.1:
RQ4: How can we improve the Correlation Visualisation Toolkit?
To achieve this, we had questions in the interview, that were tailored to give us infor-
mation about the shortcomings of the tool. The qualitative data also gave us suggestions
about new features and improving the existing ones. Here are the conclusions.
6.2.1 Desired features from Excel
While, the Correlation Visualisation Toolkit outperforms Microsoft Excel in many things,
this comes with a caveat. Unlike the Correlation Visualisation Toolkit which is tailored to
a specific task. Excel on the other hand can cater to multiple tasks with it’s wide range of
features. In that regard Excel is far more powerful. Following are the major talking points:
Viewing datasets and more
Unlike Excel, the Correlation Visualisation Toolkit did not have a provision to display raw
data. While, SWAPP itself had options that allowed users to download data, this was not
apparent for the participants in our study. Some of the participants were therefore keen on
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having an option to display raw data. A few participants also felt it would be nice to see
the p-value numerically at times. P12 says,
‘For Excel you can see all the values. After you calculate the R value you can
see all these in table. For the t test you can see values other than the p value, if
that is useful that would be good.’
We are however concerned whether participants maybe distracted by the raw spreadsheet
data. A reasonable trade-off maybe to add a small button that brings up the spreadsheet
option allowing the user to view, manipulate and download the data, at will. As for the
p-value we feel a better way to go about it would be to display it in a tooltip when the
user hovers over the circle. That way there would not be immense amount of information
on the user’s window by default. But these features would only be included if clinicians find
it necessary. So further consultation with clinicians are required before inclusion of such
features.
Desirable functions from Excel
The qualitative analysis revealed that improving the tool may involve, adding the possibility
of running more statistical tests on the Correlation Visualisation Toolkit. The other direction
for improvement is in terms or adding support other types of data visualisations. P19 says,
‘Excel has more function than drag and drop. You know how excel can do more
than one scatter plot, it can do a box plot it can do different charts. Oh, maybe
an improvement is that you can make different charts instead of the scatter plot,
we can select a bar chart or make other charts. So it’s better for analysing data
if you have more charts it’s useful.’
However, once again we are wary about adding additional options to the Correlation
Visualisation Toolkit as it could potentially confuse the users. And this may even lead to
misinterpretation of the data, especially if the user is not skilled enough to work with such
options.
6.2.2 Issues with current features
The other direction for improving the tool is by polishing the existing features. During
the study we noticed that the Correlation Visualisation Toolkit suffers from the following
problems.
Software implementation issues
Two of the participants experienced resolution problems while using the Correlation Visual-
isation toolkit. And subsequently reported it during the interview. While, we had designed
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for responsiveness, our software implementation seems to break on some of the screen sizes
participants used. A more rigorous responsive-design testing routine should fix the problem.
P1 says,
‘Overall it was good. The low spaces for the fields, it looks a bit disproportionate.’
The only other isolated (for one participant) software issue was delay in loading the
visualisation. I believe this was probably a result of poor internet bandwidth. Throttled
bandwidth testing may help understand the problem.
Web element issues
The major problems with regards to Web elements was the size of icons (e.g., clear button
for variables) and fonts. Two of the participants indicated that the size of the icons in the
interaction were significantly small. The problem probably a result of poor responsiveness
with regards to changing screen sizes. As with the resolution problem, a rigorous responsive-
web design testing should resolve the problem. P7 says,
‘Another thing was I did not quite realise what those categories were for. The
labels of the category seemed real small. If it were a bit bigger it would be a lot
more easier.’
One of the participants also pointed out that the contrast between font colour for the
writing on the coloured circles, and the colour of the circle was poor. As a result, it was
difficult to read the numbers. So the font colours used need to be revisited. Finally, one of
the participants felt that the borders of the x-axis and y-axis boxes were thin, hence were
difficult to spot. One way around this would be to add solid colour to boxes and labelling
the boxes.
Aesthetics
Another largely apparent aspect for future improvement, which was also brought up by
participants was the aesthetics of the tool. Aesthetics of the tool are far from polished and
there is significant room for improvement in this area. P20 says,
‘Also, the visual design is also not that good.’
6.2.3 Uncertainty in the current setup
Another important shortcomings in the Correlation Visualisation Toolkit came in the form
of various uncertainties in the interaction and the visualisation. Those are discussed here.
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Unclear, how to produce Scatterplot
This was by far the most important problem to be dealt with in the next version of the
Correlation Visualisation Toolkit. A significant number of participants felt there was nothing
in the interaction implying that clicking on the circles in the Correlation Visualisation
Toolkit would produce Scatterplot. P13 says,
‘It seems a bit weird to me that you had to click on the circle to get the scatter
plot, maybe a button that says scatter plot for various axes might work better.
Though I guess in the cases where you have multiple circles that might be a
bit more problematic. Nothing told me I had to click it . Everything else makes
sense.’
One straightforward way to resolve the issue would be to include a short caption in the
interaction about how to produce a scatter plot. The other way would be to improve the
training documentation for the tool.
Confusing transparency of circle
The other major feature the participants were confused about was the transparency of the
circle. As discussed in 4.2, the transparency of the circle was adjusted according to both
correlation coefficient and significance. While, the transparency did prevent the participants
from clicking or analysing the transparent circles, this was distracting to some degree. P15
says,
‘Maybe, all I can think of is probably the... maybe the white colour in the circle.
That’s like the only thing I can really think of.’
Tweaking the the constant used to adjust the transparency of the circles, maybe one
of the ways to improve the experience for the users. The other obvious way would be to
improve the training documentation for the Correlation Visualisation Toolkit.
Shortcomings in training
Many of the uncertainties experienced, stemmed from shortcomings in the training docu-
mentation. Also, given enough time to get used to the tool, the users may perform much
better. This is probably the easiest way to address many of the problems. P4 says,
‘Yeah maybe you could give clear instructions, about how to do it and then there
is toolbar for doing multiple including charts and diagrams, scatterplots.’
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Other problems
There were other isolated issues faced by individual participants. Following are the issues:
• A participant pointed out that, they were not particularly clear that they could drag
and drop multiple items into the same box. However, this was directly contradicted
by many of the other participants.
• One of the participants felt the need for a reference size for circles to compare the
p-value. However, the problem was resolved once they started seeing non correlated
relationships. Giving examples in the training documentation maybe a way to get
around this.
• Lastly, one participant was confused initially by the simultaneous use of colour and
number on top of the circle to indicate correlation. Once again this problem is best
resolved by improving the training documentation.
6.2.4 Upgrades for existing features
All suggestions for upgrading existing features came from individual participants, and no
other participant requested for the same. Those are summarised below.
Option to zoom in/out the Scatterplot
Currently the Scatter plot functionality in the Correlation Visualisation Toolkit produces a
static view. A participant pointed out that it would be handy to have the option to zoom
in. P18 says,
‘It [Scatter plot on Correlation Visualisation Toolkit] was really convenient to
access it, with the clickable button. If I were to click on it again will I be able to
get a bigger picture? I didn’t test it.’
Drag multiple variables simultaneously
One of the participants requested the ability to drag multiple variables simultaneously in a
single drag. This is another feature to be explored. P11 says,
‘ It will be kind of nice if we could select a bunch of them at the same time a lot
easier, just drag and hold them at the same time.’
Improve categorisation of variables
There was also a request to indicate the the nature of the variable, i.e., whether it is
continuous, discrete or binary, in the the categorical boxes. P1 says,
‘ Maybe you can be indicated with colour so you can know it is a different type
of variable. So then you can know what is happening so overall it looks good.’
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More than two variables in scatterplot
A participant thought that the scatterplot can represent up to 4 at the same time, i.e., the
third and fourth discrete/binary variable would be represented by colour and shape of the
points in the plot. However, how the interaction would work in such a scenario needs to be
pondered. P2 says,
‘ And then it was good if I can change the points. Maybe if they had multiple
scatter plots. If it had multiple variables if we wanted to check such as to see
their scatter plot. It was good if we could find different colours and different
shapes of points.’
Discrete Colour scale
The Correlation Visualisation Toolkit currently has a colour scale for correlations, with
continuous colour gradients. P1 felt, a discrete colours scale might work better.
6.2.5 Suggested new features
As with 6.2.4, all suggestions for new features also came from individual participants, and
no other participant requested for the same.
Clear all button
A participant pointed out that, it was cumbersome to clear multiple variables at once from
the x-axis and y-axis box, after dragging and dropping a lot of variables. This could easily
be resolved by a clear-all button.
Search bar for variables
One of the participants felt it took some time to scan through the variable list, and find
the desired variable. A straightforward way to resolve this would be to incorporate a search
bar in the next iteration of the Correlation Visualisation Toolkit.
Option to save notes
While, it didn’t affect the experience of using the Correlation Visualisation Toolkit, P20
thought that an option to save notes would be a great upgrade.
6.3 The curious case of P05
While, all of the other participants had no issue completing all of the given tasks on both
the tools, P05 had to forfeit one of the data analysis tasks on Microsoft Excel due to
anxiety issues. P05 took a break between the study, lasting about 15-20 minutes before
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they were able to resume the study. While we have very little evidence in order generalise
the phenomenon, we are deeply concerned by the effect of state of the art tools like Microsoft
Excel on people with anxiety issues. One of the problems that particularly disturbed was the
amount of information the person saw on Excel. So, one of the directions of future research
would be to analyse accessibility of the Correlation Visualisation Toolkit for people with
anxiety.
The excerpts from interview is below. From the excerpts it is evident that the anxiety
reaction was exclusively from Microsoft Excel. About Excel P05 says the following:
‘Yeah, I was in physical pain. I was physically or physiologically more sedate.
Internally my nervous system and respiratory system were really, horribly af-
fected by that [Excel]. The first visual of all those numbers and just them being
so scattered without seeing the correlation of them at the very beginning, that
was overwhelming and frustrating. Having to navigate the data and analytic
tools was a bit, major nuisance. And I found that those that gather overall like,
eventually I got into a bit of rhythm but like immediate accessibility was almost
non-existent and yeah I like it actually just over-accentuated a lot of my own,
like responses when I felt like I was kind of shutdown.’
In contrast the participant found Correlation Visualisation Toolkit far more accessible.
The accessibility can be ascribed to the pleasant and simplistic interaction, Correlation
Visualisation Toolkit has. The participant felt that the Correlation Visualisation Toolkit
was a convenient solution for someone with little or no coding experience. P05 says the
following about Correlation Visualisation Toolkit:
‘Just being able to kind of actually play around with this and work through it
without feeling like it’s overwhelming. Yeah, it’s like just from a simple piece of
not someone who deals with coding in general. And in my work, I don’t have
to go through coding even though I should. It was the very least okay to play
around and go and now I am trying to understand what it is. So I think the tool
is relatively accessible. So long as you are given the time to just play around and
just understand it a little bit.’
6.4 Limitations
Firstly, the User Study for the Correlation Visualisation Toolkit was conducted within a
narrow demographic. All the participants were within the age group of 19 years and 34
years with average age of 25 years. Also, all the participants students and workers at SFU.
Therefore generalising the results beyond the given demographic can be moot. Furthermore,
since the participants are not clinicians, some of the results and suggested improvements
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need to be approached with wariness. These improvements may not be a reflection of the
needs of the clinicians. Further consultations with clinicians and critical analysis of the
suggested improvements and features may help us identify desirable changes. Secondly, a
confirmation bias [46] could possibly be introduced since I validated the tool I designed .
As I conducted all studies and interviews, participant responses may also be affected by
response bias [31].
Excel was chosen as the benchmark for comparison purely based on the popularity of
the tool, both among clinicians and in society. However, we cannot eliminate the possibility
of other tools that perform better than the Correlation Visualisation Toolkit for correlation
analysis. We also understand that the quality of training instructions provided for each
tool could also determine the performance of the participants on each tool. While, all the
participants unanimously agreed that the training instructions were not a deciding factor
on their performance, we are sceptical about ignoring the possible confound.
Finally, the synthetic dataset and tasks given to the users during the study tried to
emulate scenarios that may occur during the actual deployment of the tool. However, it
is not possible to eliminate possibility of unprecedented scenarios and outcomes while the
toolkit is used. Real world tasks and real data may be significantly different from what we




The Correlation Visualisation Toolkit provides a convenient platform for the clinicians in
analysing the sleep-related data for the correlation between various sleep-related variables.
Need for such a system that aids identification correlations between sleep variables was
recognised both from existing scientific literature and informal discussions with the clin-
icians, who are the primary users of the system. The work is especially important for
clinicians who operate under high level of work related stress and time constraints [66]. Our
work is centred around a prototype built for the purpose. We analyse the ability of the tool
to mitigate difficulties in correlation analysis and the overall usability of the tool.
The design of the visualisation achieved by a comparative review of the possible vi-
sualisation techniques presented in existing scientific literature. We evaluated the merits
and demerits of each visualisation with respect to the requirements posed by the specific
application of the tool and the users of the tool. Development of the proposed system was
done by the assumption of a user model for the application; the user is presumed to be a
practising clinician with minimal knowledge of statistics. The categorical arrangement of
the variables is designed to be closely related to the original dashboard of the SWAPP web
application. Drag and drop scheme for control of the visualised variables provide users with
a convenient and intuitive method of manipulating the variables of interest.
The principle of operation of the interaction and the visualisation may be summarised
as a two-step process:
1. A primary visualisation aims at fast, accurate filtering of the relevant variables based
on their correlations, achieved by the heat map.
2. A secondary visualisation that allows exploratory data analysis of two variables of
interest, by means of a scatter plot.
The heatmap provides the user with a quick summary of the variable correlations. The
proposed system carefully integrates the use of significance and effect size parameters into
the heatmap, as both were found to be relevant to the interpretation of data. Once the
variables of interest have been identified, the user can initiate the scatter plot by clicking
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on the respective circles corresponding the set of variables. The scatter plot provides a
powerful tool to gain a deep understanding of the relationship between the variables of
the data for users with necessary data analytic skills, knowledge and experience. We believe
that the design knowledge resulting from our research may be applied to other data analysis
problems both inside and outside health informatics while dealing with correlations.
We also designed a novel ‘in-pandemic’ mixed method user study over Zoom, to perform
a comparative analysis of the Correlation Visualisation Toolkit against Microsoft Excel. The
study validates that the Correlation Visualisation Toolkit is far more efficient in terms of
Overall Workload and task completion time compared to that of Excel. This was validated
from both qualitative and quantitative data collected during the study. The qualitative data
also provided insights into the reasons why the participants thought the Correlation Visu-
alisation Toolkit performed better. Finally, the qualitative data also provided information
on areas to improve the Correlation Visualisation Toolkit.
7.1 Future Work
The future steps for the tool apparently includes improving the tool based on feedback
solicited during the user-study. Also, more features need to be integrated into the tool
before the tool is ready for deployment. One of the things that are of interest to us is means
for analysis of temporal correlations. Finally, a more scalable and diverse user-study needs
to be conducted on the improved Correlation Visualisation Toolkit.
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Screening Questionnaire 





What is your age? 
o 0 – 18 years old 
o 19 – 29 years old 
o 30 – 49 years old 
o 50 – 64 years old 
o 65 years and over 
What is your Occupation (if a student please mention your discipline as well)? 
_____________________________ 




Are you suffering from any disability or any condition that prevents you from using a desktop 




How many hours a day do you spend in front of a laptop or desktop computer (not including mobile 
phone)? 
o Less than 1 hour 
o Between 1 and 3 hours 
o More than 3 hours 
Have you used Excel, SPSS or Tableau or similar tools for data analysis? 
A.1 Pre-Study Questionnaire
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In this experiment we will be using the Pearson Correlation Coefficient or the ​Effect Size(r) 




P (between 0 and 1) Inference 
0.1 > p Very weak significance 
0.05 < p < 0.1 Weak significance 
p < 0.05 Strong significance 
 
 
r (between -1 to 1) Inference 
0.1 < | r | < 0.3 Small effect 
0.3 < | r | < 0.5 Medium size effect 
| r | > 0.5 Large effect 
 
 
Positive ​r ​between two variables​ ​means that when one variable increases other decreases. 
Negative ​r ​means that when one variable increases other decreases. 
 
You should be looking for ​strong significance and medium/large effect size​, which 
means you need to analyse both these values before making a conclusion. 
 
Correlation analysis - Excel training 
Finding the p value (​compiled from https://www.excel-easy.com/examples/t-test.html​) 
For the sake of this experiment we will be using the output of the t-Test as the p-value. 
 
Below you can find the study hours of 6 female students and 5 male students. 
H​0​: μ​1​ - μ​2​ = 0 
H​1​: μ​1​ - μ​2​ ≠ 0 
A.2 Training Document
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In the datasets you have been provided the variances of the two populations are not equal. 
So you should do a T-test with unequal variances. 
1. On the Data tab, in the Analysis group, click Data Analysis.
 
2. Select t-Test: Two-Sample Assuming Unequal Variances and click OK.
 
3. Click in the Variable ​1​ Range box and select the range A2:A7. 
4. Click in the Variable ​2​ Range box and select the range B2:B6. 
5. Click in the Hypothesized Mean Difference box and type 0 (H​0​: μ​1​ - μ​2​ = 0). 




Finding r in Excel 
1. On the Data tab, in the Analysis group, click Data Analysis.
 
2. Select Correlation and click OK.
 
3. For example, select the range A1:C6 as the Input Range.
 
4. Check Labels in the first row. 





Correlation analysis - Using Viz tool 
 
 
 The available sleep-related variables/parameters/events for visualisation are stacked on the 
left-hand side of the visualisation in categorical boxes. 
 




Interpretation of the visualisation: 
● You are trying to look for significance (​p-value) ​< 0.05 and correlation coefficient (​r) 
greater than 0.3.  So look for colour of circles in the visualisation close to red or blue.  
● Red circle indicates correlation close to one and Blue correlation indicates correlation 
close to negative one. ​ The scale on the right of the visualisation will help you 
interpret the data. 
● If the radius of the variable is not high enough it means that the significance of the 
correlation between the two variables. 
● Ignore circles which are transparent or close to being transparent. 
 
Further details on the correlation matrix visualisation: 
● Colour: correlation coefficient/effect size (pearson/spearman’s coefficient, r-value) 
● Radius: Significance, p-value 
● Transparency: (1-p) x |r| 
 
Scatter plot using - viz tool 
Click on top of the circle to generate the scatter plot​, since we have a lot of discrete 







Scatter Plot on Excel 
With the source data correctly organized, making a scatter plot in Excel takes these two 
quick steps: 
 
1. Select two columns with numeric data, including the column headers. In our case, it 
is the range C1:D13. Do not select any other columns to avoid confusing Excel. 
2. Go to the Inset tab > Chats group, click the Scatter chart icon, and select the desired 
template. To insert a classic scatter graph, click the first thumbnail: 
 
 










Name   Task    Date
   Mental Demand How mentally demanding was the task?
   Physical Demand How physically demanding was the task?
   Temporal Demand How hurried or rushed was the pace of the task?
   Performance How successful were you in accomplishing what
you were asked to do?
   Effort How hard did you have to work to  accomplish
your level of performance?
   Frustration How insecure, discouraged, irritated, stressed,
and annoyed wereyou?
Figure 8.6
NASA Task Load Index
Hart and Staveland’s NASA Task Load Index (TLX) method assesses
work load on five 7-point scales. Increments of high, medium and low
estimates for each point result in 21 gradations on the scales.
Very Low Very High
Very Low Very High
Very Low Very High
Very Low Very High
Perfect     Failure
Very Low Very High
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Correlation Visualisation Toolkit Study - Interview Script 
 
Review of experience using data analysis tools (based on pre-study 
questionnaire) 
1. You have indicated that you have experience using data analysis tools, did you happen to work 
with correlation analysis? 
2. How long have you worked with data analysis tools? 
3. What was the data analysis operations and principles that you are familiar with? 
Experience using Correlation Visualisation Toolkit 
1. How was your experience with the visualization? 
2. What do you think of the colour scale for the Correlation Visualisation Toolkit? 
3. Do you have any comments about the scatter plot option in the correlation visualisation toolkit, 
did you find it useful? 
4. What were the things that you liked most about the toolkit? 
5. Did you face any issues in using Correlation Visualisation Toolkit? 
6. What were the things you did not like about the toolkit? 
7. Do you have any suggestions or feedback for improving the correlation visualisation toolkit? 
Comparing MS Excel with Correlation Visualisation Toolkit 
1. What were the features you liked about correlation analysis on MS Excel compared to 
Correlation Visualisation Toolkit and vice versa? 
2. How was the learning experience using both the tools? 
3. Overall which tool would you prefer for correlation analysis of data and why? 
Questions based on observation of the data analysis experiments 
The following questions are framed based on the approaches/steps taken by the user to complete the 
given tasks. It is difficult to anticipate all possible scenarios or questions arising from those scenarios as 
there are infinitely many possibilities. However, a few examples are below.   
1. I see that you spent a lot of time in choosing the highest correlated item in the analysis of 
“snoring’ VS all other sleep variables, what was it that confused you? 
2. You concluded that the mood on sleeping is not correlated to time asleep, what was your 
rational behind this? 




I ran tests for Normality on the difference between NASA-TLX Overall scores, (Cor-
rViz_Overall) and Excel_Overall, I called the difference Difference_Overall. The Shapiro-
Wilk test gave a significance of 0.692, thus we cannot reject the null hypothesis that the
distribution is normal (see table B.1). The approximate normality is also apparent from the
QQ-plots (see figure B.2).
Next I ran tests for Normality on the difference between total times, CorrViz_Time and
Excel_Time, we called the difference Difference_Time. This was to meet the the assump-
tions of the paired t-test. Considering the sample size, we looked at the Shapiro-Wilk test.
The test gave a significance of 0.217, thus we cannot reject the null hypothesis that the
distribution is normal (see table B.2). The approximate normality is also apparent from the
QQ-plots (see figure B.3).
Kolmogorov-Smirnova Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
Difference_Overall .123 20 .200* .967 20 .692
Table B.1: Test of Normality on Difference between NASA-TLX Overall Workloads for
Correlation Visualisation Toolkit and Microsoft Excel
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Figure B.1: Histogram of difference between NASA-TLX Overall Workload for Correlation
Visualisation Toolkit and Microsoft Excel
Figure B.2: QQ-Plot of difference between NASA-TLX Overall Workload for Correlation
Visualisation Toolkit and Microsoft Excel
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Figure B.3: QQ Plot of difference between Time Duration for Correlation Visualisation
Toolkit and Microsoft Excel
Kolmogorov-Smirnova Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
Difference_Time .107 20 .200* .938 20 .217
Table B.2: Test of Normality on Difference between Time duration for Correlation Visuali-
sation Toolkit and Microsoft Excel
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Figure B.4: Histogram of difference between Time Duration for Correlation Visualisation
Toolkit and Microsoft Excel
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Appendix C
Box Plots for outlier detection
For the results from the Paired t-Tests to hold, the difference between the variables should
not have any significant outliers and the distribution should be approximately normal [10].
From the box-plots for the Difference_Overall and Difference_Time it is apparent that
there are no outliers in either (see figures C.1 and C.2).
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Figure C.1: Box Plot of difference between NASA-TLX Overall Workload for Correlation
Visualisation Toolkit and Microsoft Excel
Figure C.2: Box Plot of difference between Time Duration for Correlation Visualisation
Toolkit and Microsoft Excel
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